Abstract In this paper we present an uncertainty analysis of a cross-sectoral, regional-scale, Integrated Assessment Platform (IAP) for the assessment of climate change impacts, vulnerability and adaptation. The IAP couples simplified meta-models for a number of sectors (agriculture, forestry, urban development, biodiversity, flood and water resources management) within a user-friendly interface. Cross-sectoral interactions and feedbacks can be evaluated for a range of future scenarios with the aim of supporting a stakeholder dialogue and mutual learning. We present a method to address uncertainty in: i) future climate and socio-economic scenarios and ii) the interlinked network of meta-models that make up the IAP. A mixed-method approach is taken: formal numerical approaches, modeller interviews and network analysis are combined to provide a holistic uncertainty assessment that considers both quantifiable and un-quantifiable uncertainty. Results demonstrate that the combined quantitative-qualitative approach provides considerable advantages over traditional, validation-based uncertainty assessments. Combined fuzzy-set methods and network analysis methods allow maps of modeller certainty to be explored. The results indicate that validation statistics are not the only factors driving modeller certainty; a large range of other factors including the quality and availability of validation data, the meta-modelling process, intermodeller trust, derivation methods, and pragmatic factors such as time, resources, skills and experience influence modeller certainty. We conclude that by identifying, classifying and exploring uncertainty in conjunction with the model developers, we can ensure not only that the modelling system itself improves, but that the decisions based on it can draw on the best available information: the projection itself, and a holistic understanding of the uncertainty associated with it.
Introduction
The future is uncertain. Although the reality of climate change is now rarely questioned, the impacts that mankind will experience, their exact magnitude, spatial pattern and timing are ultimately unknowable: there will always be surprises. This is because the impacts of climate change result from complex interactions across sectors, between physical environmental parameters and social, political and economic decisions. The "unknowable" cannot be a barrier to decision makers. Decisions, such as how best to adapt, mitigate and cope with change, and how to make the most of new opportunities need to be made in order to plan for the future. Environmental impact models are important tools in helping to inform decisions since they allow explorations of the future that cannot be achieved through observation. Many models have been developed to explore the impacts of climate change and potential adaptation opportunities (Turnpenny et al. 2004 ). These models have tended to be embedded within single socio-economic sectors or individual components of the environment (Mokrech et al. 2008; Trnka et al. 2010) . However, these interact in often complex and conflicting ways. For the best-informed environmental decision making no single sector can be considered in isolation from the others. Integrated assessment (IA) approaches bring together information from diverse sources of knowledge across different fields of study. In a multi-sectoral context, they provide significant opportunities by both linking single-sector models into integrated modelling frameworks and facilitating the inclusion of qualitative stakeholder knowledge within these frameworks (Audsley et al. 2008; Holman et al. 2008; Kok et al. 2013) .
However, each knowledge source brings with it a different projection of the future with a different level of certainty. An assessment of these uncertainties and how they interact across an integrated assessment is essential in supporting robust decision making. Without an understanding of uncertainty decision makers will find it impossible to navigate the tricky path between relativism (where every future is equally possible, so it doesn't make a difference which choices we make) and model-based determinism (where the future predicted by the integrated assessment is seen as definitive).
Traditional approaches to uncertainty analysis within modelling frameworks draw heavily on the physical sciences (Beven 2012; Latour and Woolgar 1979; Wynne 1992 ) with a strong reliance on quantitative approaches. Whilst these approaches address the question "to what extent does the data fit with the baseline validation data?" the real question when addressing uncertainty for decision making is: "to what extent is the model output likely to project the real-world future values of the variable it is intended to replicate?". Addressing this question requires a holistic understanding of the differences not only between the model and the validation data, but the full chain of human and mathematical factors that affect the extent to which the output of the assessment differs from what the real world parameter of interest would be in a given scenario.
Three types of uncertainty are commonly discussed (e.g. Beven 2012), these are: "alleatory" (random noise), "epistemic" (from incomplete knowledge) and "the unknowable" (unknown unknowns). The "holistic" uncertainty referred to in this paper is seen as a summation of these three types, and considers uncertainties from all potential sources. The two main sources that influence integrated assessment can be summarised as:
(i) scenario uncertainty: "how do we select which of the potential unknowable futures to study?" i. the datasets used as inputs to models ii. each model's capacity to replicate the future environment/processes iii. error propagation within an integrated modelling framework iv. (in a meta-modelling context) the errors associated with the simplification of complex models.
The aim of the paper is to present the approach to assessing scenario and model uncertainty developed within the Integrated Assessment Platform (IAP) of the CLIMSAVE project (Harrison et al. 2013 ). The IAP combines 10 sectoral meta-models (for details see Online Resource 1a; Harrison et al. 2013) and is designed to run quickly over a web interface. The CLIMSAVE IAP (www.CLIMSAVE.eu) is designed to be an exploratory, interactive tool that allows users to assess climate change impacts, adaptation options and vulnerability both before and after adaptation for a range of sectors including agriculture, forests, biodiversity, coasts, water resources and urban development. The IAP covers the EU (plus Norway and Switzerland) at a 10×10 arc minute spatial resolution and is designed to allow users, be they decision makers, land managers or students, to see how cross-sectoral interactions could affect European landscape change. The tool is web-based to facilitate access and uses simplified versions of more complicated models ('meta-models'; see Harrison et al. 2013 ) to minimise processing times.
Scenario uncertainty
Scenario uncertainty is fundamentally unknowable and as such highly difficult to quantify. The CLIMSAVE approach addresses scenario uncertainty by i) identifying internally consistent futures based on the best available knowledge and expert opinion and ii) allowing users to define their own future scenarios. The online nature of the IAP allows users to do this using a web-browser without the need for specialist software.
Uncertainty in climate futures
The CLIMSAVE IAP addresses climate scenario uncertainty by representing multiple projections of future climate related to different sources of uncertainty (greenhouse gas emissions, global climate models (GCMs) and the sensitivity of the climate system. However, in order to keep the number of combinations to manageable levels, four SRES emissions scenarios (A1B, A2, B1 and B2), three climate sensitivities (low, medium and high) and five GCMs are included in the IAP with data for baseline and time slices in the 2020s and 2050s. The IPCC-AR4 database (IPCCDDC 2010) was used as a sampling frame from which to select five GCMS from the sixteen available. First GCMs which did not include all the climate variables required by the meta-models were omitted. Then GCM outputs were compared on a grid cell basis with current climate observations for Europe (Climate Research Unit 1961 -1990 Mitchell et al. 2003 ) and the central value of all sixteen GCMs to determine a representative set of five GCMs. This consisted of the model that best replicated current observations (MPEH5), the model that best represented the central tendency of the 16 GCMs (CSMK3), and three GCMs which were selected to preserve as much of the variability in the projections of climate space from the 16 models (based on the Euclidean distance in an 8-dimensional space consisting of seasonal changes of precipitation and temperature). These models were GFCM21, HADGEM and IPCM4. The different climate sensitivities of the models are implemented by applying the pattern scaling technique to the pattern of change from the global climate models. Figure 1a demonstrates some of the climate scenario uncertainty that stakeholders can explore by showing a moderate and an extreme climate projection. The "moderate" projection (m) used the least extreme GCM (IPCM4), low climate sensitivity and the B2 emissions scenario; the "extreme" projection (x) used the most extreme GCM (GFCM21), high climate sensitivity and an A1B emissions scenario. The difference between the two climate scenarios is significant: the extreme scenario is considerably warmer and drier than the moderate scenario for the majority of southern and central Europe. The five selected GCMs address the uncertainty in future climate by considering not only the quality of the available models, but by representing their diversity in terms of potential climate outputs (see Online Resource 1b). This flexibility in scenario definition underlines that no one climate future is more likely than another, reflecting the uncertainty inherent in the unknowable future climate.
Uncertainty in socio-economic futures
The CLIMSAVE IAP addresses uncertainty in future socio-economics by following a participatory scenario development approach (Kok et al. 2013) . Such approaches bring together diverse knowledge from different sectors of society (governments, civil society, business and research), fields of study (including different environmental sectors) and geographic regions to define relevant social, political, economic and technological variables that are needed for impact model assessments (Rounsevell and Metzger 2010) . Stakeholders were invited to 3 two-day workshops held over an 18-month period to discuss what they saw as the main uncertainties facing the EU. These workshops involved 20-25 people covering a range of nationalities, gender, age, sectoral or disciplinary expertise and type of institution (government, NGOs, private sector, research and media) (Kok et al. 2013) . The stakeholders voted to identify the two main uncertainties in terms of their 'Importance' and 'Level of uncertainty'. The selected uncertainties, "whether economic development was gradual or rollercoaster" and "whether innovation was effective or not", were then used as the axes of a coordinate system delimiting four scenarios for which storylines were developed (Gramberger et al. 2013; Online Resource 1c) . In this paper we draw examples from the two extremes socio-economic scenarios, the utopian "We are the world" (WRW) and the dystopian "Should I stay or should I go" (SoG).
Integration of the qualitative storylines with the quantitative sectoral meta-models within the IAP required translation across the qualitative-quantitative divide. To facilitate this a "fuzzy set" approach was used to allow descriptive terms (e.g. "high", "low", "moderate") to be used by stakeholders when detailing the storylines, which could then be quantified to allow their inclusion within the modelling framework (Kok 2009 ). Key parameters (such as change in population or GDP) were assessed directly by the stakeholders at the workshops and qualitative statements were used to describe changes, e.g. "Europe will experience a moderate increase in population". The stakeholders were then asked to parameterise these using their expert judgement and quantify for each scenario, what was meant by (e.g.) a 'moderate increase' thus maintaining the qualitative storylines, whilst providing quantitative values (for more information see Gramberger et al. 2011 ). The method is relatively quick and straightforward to perform, taking half a day of a stakeholder workshop. Even so, there was only time for the stakeholders to directly enumerate seven priority variables within the workshop using the fuzzy set method; the remaining variables were quantified by scenario experts (members of the CLIMSAVE consortium present at all 3 workshops) in collaboration with the metamodellers. The quantified values were used to set the default values for a range of socio- Fig. 1 The climate and socio-economic scenarios used in this study: a climate change scenarios showing the change in mean temperature and precipitation from baseline to the 2050s for an extreme (x) and moderate (m) scenario; and b socio-economic scenarios showing uncertainties in different social, policy, technological and economic drivers for a dystopian (SoG) and utopian (WRW) scenarios economic scenario sliders representing inputs to the linked meta-models within the IAP. Figure 1b and Online Resource 1c shows an example of these values for the 2050s for the WRW (stable economy and successful innovation) and the SOG (where innovation fails and economic growth is a rollercoaster decline) scenarios. The default values for the SOG scenario indicate a greater focus on compact settlements, with a higher population than the WRW scenario but inflated oil and timber prices, significantly less GDP, and (as innovation fails) lower water saving and irrigation efficiency due to technological change and less improvements in agricultural mechanisation. The scenarios used in the analysis below use these storyline-derived default settings.
To account for the inherent uncertainty in the socio-economic futures, the CLIMSAVE IAP allows exploration of a range of values around the default associated with each scenario (Fig. 1b) . Guidance is provided, via a traffic-light colour coding system which indicates as a green range values that are considered to be "plausible" under the selected socio-economic storyline. Values in the yellow (amber) area of each slider can still be explored, but are considered to be outside of the bounds of the selected scenario, and should be interpreted as such. The red ranges are considered (by the IAP meta-modellers) to be so extreme that they are unrealistic in the given scenario.
Exploring scenario uncertainty
Within the CLIMSAVE IAP it is possible to combine any socio-economic scenario with any climate scenario (following Audsley et al. 2008; Holman et al. 2008 ). As such, the socio-economic factors included within the development of the SRES trajectories are not considered: the climate is entirely divorced from the stakeholder-developed socioeconomic changes. Some combinations of scenarios (A1+WRW for example) may show Europe following a different socio-economic path to the global paths driving the SRES scenarios, but this provides considerable advantages in terms of exploring concepts. It allows the opportunity to explore how a utopian scenario might cope in an extreme climate and vice versa. This is particularly pertinent when considering high-end climate change.
To explore differences in scenario uncertainty across sectors, eight sectoral indicator variables were output from the IAP for four scenarios. These four scenarios used the input settings for one of two contrasting climate scenarios (either the moderate or extreme scenario from Fig. 1a ) and combined these with inputs from one of two socio-economic scenarios (the utopian WRW or dystopian SOG) using the default values quantified during the stakeholder process (Fig. 1b) . The sectoral indicator variables were standardised by dividing each one by its mean across the four scenarios. By subtracting pairs of scenarios from each other it is possible to illustrate for each sectoral indicator whether climate or socio-economics has more influence over certainty (Fig. 2) .
In an urban context, for example, socio-economic factors are the greatest source of scenario uncertainty as the modelled area covered by artificial surfaces is not influenced by climate. Similarly, uncertainty with respect to snow cover is entirely driven by climatic factors, with no socio-economic influence. Most other variables have significant uncertainty from both climatic and socio-economic sources, but to different extents. In the SOG scenario, where innovation is failing and population is increasing, food production is the primary focus at the expense of other land use sectors and this is reflected across a number of the variables: food production and intensive agriculture are greater and forest area and biodiversity are lower. Similarly, in the warmer, drier extreme climate scenario, there is significantly greater water stress (lower water exploitation index; WEI), a decrease in river flooding, 1 an increase in intensive farming and a reduction in forest area that might be expected as a result of the warmer, drier conditions. The IAP also highlights the complex interactions between the climate and socio-economic scenarios: very few of the paired climate or socio-economic bars in Fig. 2 are of equal length. This shows that, for example, whilst climate may contribute to a significant decrease in food production in the SOG scenario, in the WRW scenario the climate has very little influence potentially due to the increased technological efficiency in water use leading to more water availability for irrigation. Similarly, whilst socio-economic factors in the WRW scenario may lead to increases in food production under both extreme and moderate climate scenarios, the increases possible are considerably greater in the moderate scenario.
Model uncertainty
Model uncertainty in the CLIMSAVE IAP derives from the fact that: i) models are simplifications and reflect the assumptions within them and the quality of their input data; ii) the IAP meta-models are further simplifications, emulators of more complex models designed to run in a timeframe appropriate for a web-based system; and iii) compound uncertainty will result as outputs from one model are passed to another within the integrated system. Traditional approaches to model uncertainty involve validation using a reference dataset and only address the extent to which model output matches validation data. However, the real question with WRW is a utopian socio-economic future and SOG is a dystopian socio-economic future. In addition to identifying uncertainty as driven by climate and socio-economics (the bar chart itself), model uncertainty from meta-modeller interviews is indicated by the colour of the box. The colours used are the same as that for the indicator within the V2V network (Fig. 3) and follow the order grey, green, orange and red in order of increasing uncertainty regard to model uncertainty is: "to what extent does the model output project the real-world values of the variable it is intended to replicate?". To address this, a novel mixed-methods approach is used that draws on both traditional quantitative validation assessments and a qualitative assessment of "holistic uncertainty" as perceived by the developers of the metamodels within the IAP (the "meta-modellers") themselves. The approach is intended to highlight aspects of uncertainty not usually explicitly highlighted in traditional, validationbased uncertainty assessments.
Quantitative validation assessments were collected from each meta-modelling team in an "uncertainty data dictionary" (UDD). For each output variable meta-modellers were asked to include their approach to data validation and the validation results achieved. In addition, to understand the wider factors driving model uncertainty each of the individual meta-modellers was interviewed. These nine interviews ranged from between 1-3 h in length and drew on the information recorded in the UDDs. They included questions such as "what do you see to be the main sources of uncertainty within your model?", "why do you see variable X as more certain than variable Y?". They were performed using text-based Skype which put the meta-modellers in direct control of the transcript of the interviews. The interviews were semi-structured and collected two key datasets: 1) fuzzy set classification of the meta-modellers holistic certainty for each variable (Section 3.2) and 2) interview data regarding the greatest sources of uncertainty with regard to their model outputs (Section 3.3).
Exploring uncertainty in a meta-modelling network
Fuzzy set methods (see Section 2.2) were used to capture both quantitatively and qualitatively the meta-modellers' confidence in their variables. The meta-modellers were asked, for each variable, to consider "holistic uncertainty": i.e. their (un)certainty that the variable represents the real-world aspect it is intended to and the full chain of factors that influence this. These factors include: i) the complexity of the impact modelled; ii) the appropriateness of the modelling approach; iii) the data used; and iv) the approach to validation. Each meta-modeller was asked to rank their output variables in order of confidence. They were then asked to fit their variables into a five class system from "Very High" to "Very Low" confidence. Where necessary, meta-modellers were allowed to add extra sub-classes with reference to one of the original five classes as a parent class. These qualitative statements were then quantified by the meta-modellers fitting a percentage probability to each class (again with reference to holistic uncertainty rather than to validation statistics alone).
Each of the meta-modellers classified the descriptive terms very differently and seven different classification typologies were identified (Online Resource 1d). There are significant differences between these typologies: the "very low" class, for example, ranges in size from "<15 %" to "<50 %". Also, many of the classes overlap considerably. For example, if ranked in order of certainty, the typology of the class with the greatest uncertainty has a "medium" class (60-70 %) that is entirely within the "high" range of the three most certain classes (60-80+%). Some meta-modellers also needed to break the medium class down into two or three subclasses (such as "medium-high"; Online Resource 1e). These differences are important as they give the individual meta-modellers the ability to fit the classification to match the levels of uncertainty most commonly found in their data.
Meta-modellers identified the input and output variables from their model and a variable-tovariable (V2V) network of the IAP was created using a customised MS Excel spreadsheet and FCMapper (FCMapper 2012) that prepares network files to be presented in Pajek network analysis software (Pajek 2012) . The resultant network comprised 324 nodes and 952 vertices.
To simplify the network, any variables coming from the IAP or from the model-specific databases were condensed into single linkages. The justification for this was that IAP variables are defined input parameters and as such are without error. Model-specific database input variables will contain uncertainty, however, the expert classification of output variable certainty is intended to reflect all aspects that influence whether or not that variable reflects realworld conditions, which includes the sum of all issues with the input variables. The final variable-to-variable network (Fig. 3) contained 95 vertices (nodes, points) and 272 arcs (lines, edges: with direction). Initial certainty values for each node were set to the maximum of the class allocated by the fuzzy set method with percentages converted to a value between 0 and 1. Compound uncertainty throughout the network was then calculated by multiplying the certainty values of each node by the certainty of all nodes higher up the model chain.
The V2V network provides a number of key insights into model uncertainty. Generally, uncertainty increases for nodes dependant on numerous inputs (e.g. the summary biodiversity index from SPECIES: SP_BiodiversityIndex). This reflects the methodology used, but is reasonable and matches expectations with respect to compound uncertainty. Importantly, the number of inputs is not the sole driver; input quality is also important. For example, the SPECIES model's "presence of species within saltmarsh habitat" (SP_SaltMSpeciesInHabitat) has higher certainty than the equivalent variable for coastal grazing marsh (SP_CGMSpeciesInHabitat) despite both variables having an equal number of inputs. This reflects the greater confidence in the FLOODMODEL with respect to saltmarsh area (FL_Saltmarsh) over coastal grazing marsh (FL_Grazing_Marsh). Furthermore, the V2V map identifies variables which are independent of the majority of the uncertainty within the network (e.g. snow model (SN); Meta-GOTILWA (GT)). These models rely for the most part on standard climate Uncertainty Index:
Least Uncertainty Greatest Uncertainty data and data from their own databases and, as such, maintain the high levels of confidence initially ascribed to them. Also, the V2V network highlights critical nodes whose level of certainty has a strong influence on nodes further down the chain (e.g. WaterGAP's Water abstraction for irrigation: WG-1_WA_irrigation). These nodes should be prime targets for a modeller's efforts to improve certainty, and if the maximum certainty possible is achieved, this should be recognised as a key factor affecting the certainty of the dependant nodes. The V2V network has significant utility as a discussion tool providing meta-modellers with the data needed to contextualise further discussions of inter-model certainty. This is enhanced through displaying the validation data (e.g. R 2 /kappa values, etc.) at each node.
Interviews
The following sections presents the sources of uncertainty as identified within the semistructured meta-modeller interviews.
Validation
Validation was a key factor influencing model certainty. For some variables insufficient data were available to validate output, or available data were at an inappropriate scale or resolution. For example, validation data for "the standard of flood protection" is only possible where flood protection data have been collected. This tends to be in countries at risk at present, rather than potentially at risk in the future. Similarly, crop yield data are not collected at a European scale; the best available validation data are outputs from other models. In this example, confidence in the validation data is shown to be a key driving factor in certainty. Despite high validation statistics ("99 % or better") compared with the other modelled output, the fact that this model (ROIMPEL; see Online Resource 1a) has itself only been validated for subsets of Europe (e.g. UK, Bulgaria, Czech Republic) affects meta-modeller confidence to the point that they class their confidence as "40 to 60 %". Clearly both the availability of validation data and the perceived quality of that validation data are factors that influence the certainty it is possible for a meta-modeller to have with regard to a model's output. The validation method also influences model certainty. In the SPECIES model, where the kappa index of agreement (Monserud and Leemans 1992) and AUC curve (Swets 1988) were used as validation statistics, the meta-modellers reported that when determining which future projections to include in the IAP the modelling team would discuss how the distributions matched their expectations. They noted that, for species with very wide spatial distributions, high kappa and AUC scores often reflect the fact that the species is projected to occur everywhere rather than supporting an argument that the meta-model is accurately projecting the future species distribution. Conversely, they argued that for species with a patchy distribution (where the patchiness reflects factors other than climate, such as land-use, species management, competition or predation) a projection might improve confidence in the predictive power of the meta-model if the projection highlights bioclimatic regions where a species may plausibly occur in the absence of these factors even if the kappa is poor as a result of the patchiness. These examples demonstrate the dangers of over-emphasising the reported quantitative uncertainty assessments, and stress the importance of a holistic approach that considers the extent to which the model output reflects the real-world aspect that they seek to represent.
Derived variables: levels of abstraction
The "level of abstraction" (the extent to which a variable is derived from another variable, e.g. through statistical modelling, interpolation or extrapolation) was the factor most commonly used by the meta-modellers to explain why they chose to rank one variable lower than another. The separation of the ranking and classification steps in the fuzzy set approach was very useful for teasing out these differences. The abstraction process often had no influence on the overall class to which the derived variable was allocated, but was often different enough to place the variable one rank lower than its parent. The "Low" class of the WATERGAP meta-model, for example, is broken into four sub-classes of decreasing confidence with the directly modelled high and low flows being ranked higher than more abstract variables such as total water use (Online Resource 1e). In most cases, when discussing the ranking of variables meta-modellers used qualitative terms in relation to parent variables without any explicit reference to the derived variable's validation statistics. This will likely reflect the ease of the fuzzy set approach and the time available within the interview to research variable validation data. Furthermore, validation data for derived variables may not always be available in situations where there is validation data for the parent variable (which may be the reason it is being modelled and not measured in the first place). Also, in some circumstances validation may be impossible, as it is for all future projections, or unnecessary due to the minimal level of approximation involved. Whilst the latter case may not be best scientific practice it is likely to occur in reality: if you have validated water supply and water demand do you validate the remaining water available?
Incomplete knowledge and other people's data
Meta-modellers' knowledge of the validation of the data they base their validations on was often incomplete. For example, they might know how well their model output matches with a land cover validation dataset, but be unaware of the extent to which this dataset matches realworld land-cover (presumably as reported in the land cover dataset's own validation documentation). Considering holistic uncertainty forces this to be addressed as well as the fact that land cover changes over time. Whilst factors such as this vary in terms of their significance, it is important to be aware of them to be able to contextualise the certainty of any modelling output. Also, many meta-modellers expressed greater uncertainty when working with datasets they were less familiar with including inputs from other models. It is here that presenting the qualitative and quantitative data through the V2V network analysis can help the metamodellers to better improve their understanding of the interactions between the metamodels. In addition, future comparative analysis of the V2V network based on metamodeller interpretation and cumulative uncertainty can help identify, quantify and negotiate the disparities.
Making a meta-model
For some meta-modellers, the process of creating a meta-model to emulate a more complex model had the most significant impact on the certainty of their model (particularly for LPJ-GUESS, WATERGAP and Meta-GOTILWA). In most cases this was because the original model was considerably more powerful, used more detailed input data and often better represented the processes being modelled. The LPJ-GUESS model, for example, includes rules to describe competition and succession for plant species, whereas the LPJ-GUESS metamodel is a statistical function driven solely by temperature, precipitation and CO 2 . The fuzzy set approach allows the impact on the certainty resulting from the meta-model creation process to be assessed. For LPJ-GUESS, the meta-model creation led to a decrease in the accuracy class for all variables, with one variable dropping from high (60-85 %) to low (10-35 %) certainty (Online Resource 1c).
Pragmatism: time, data, money and skills
A number of pragmatic factors were raised by meta-modellers as key influences on their certainty. More time to allow for further improvement and checking was often raised. Better data (both input and validation) was also stressed. This included issues related to data being unavailable at the appropriate scale or resolution or data unobtainable due to cost or licensing reasons or because there was insufficient time to convert the data to a useable format. Skills were also mentioned, staff changeovers have knock-on effects on the work possible, the data collected and the time work would take. Working with a web-based IAP needs skills in programming languages that are capable of processing at high speeds, often a different language to that in which the model was originally written. This meant that meta-modellers often had to rapidly develop new skills and/or convert existing models from one programming language to another. This again had knock-on impacts in terms of time available and the level of validation it was possible to achieve. Experience was also a factor: for some metamodellers this was the first time that a meta-model had been created from their complex model, and a lot was learned in the course of the IAP development. This independent learning situated within institutions and individuals can be a key factor affecting not only the individual's confidence with a meta-model, but the level of certainty attainable within a time period. Subsequent projects, able to capitalise on existing knowledge, are more likely to be able to achieve greater certainty, as many "wrong-turns" will already have been explored, existing datasets can be built upon and better datasets can be acquired.
Combining scenario and model uncertainty
The approaches developed and applied within the IAP have provided a considerable depth of data on both scenario and model uncertainty. However, these are not treated as separate entities within the IAP. Any interpretation of the impacts simulated by the IAP for the scenarios contained within it need to consider both the diversity of other equally plausible scenarios and the extent to which the modelled impacts reflect the world that would exist if that scenario took place. By extracting model uncertainty from the variable-to-variable network and overlaying it as a lens through which the scenario uncertainty is interpreted, scenario and model uncertainty can be explored in tandem (Fig. 2) . Doing so shows that the artificial surfaces and snow cover variables have considerably less of both types of uncertainty. Knowing this provides invaluable context to an interpreter of the IAP output. With respect to urban growth, they know that the meta-modeller is relatively confident in the output for artificial surfaces and that it is solely driven by socio-economic change rather than climate change. Similarly, by consulting Fig. 2 and the V2V network they can identify that certainty with respect to the WEI is driven by a particularly critical node (WG-1_WA_irrigation), and that the meta-modellers have greater confidence in the water availability component (WG-H_WaterAvailability) of WEI than the water use component (WG2-WaterUSe_Total). By providing this context, the combined uncertainty assessment provides considerable additional information over that available from standard validation approaches and allows two forms of uncertainty, both of which are difficult to quantify precisely, to be considered at the same time.
Discussion

Uncertainty in integrated assessment platforms
This paper presents a novel approach to uncertainty assessment using an integrated assessment platform (the CLIMSAVE IAP). The IAP improves on previous single sector studies of climate change impacts (e.g. Mokrech et al. 2008; Trnka et al. 2010 ) by use of Integrated Assessment (IA). Furthermore, it improves on comparable IA approaches (e.g. Holman et al. 2008 ) with its European-scale coverage, the number of sectors represented and the ability to use the system interactively online. The IAP is an exploratory tool, which aims to address uncertainty by presenting decision makers with a range of possibilities rather than directing them towards a definitive vision of the future. The IAP can be used online to explore a broad range of scenarios qualitatively allowing the user to determine if a particular combination of impacts is common across multiple scenarios.
The mixed-methods approach to model uncertainty taken within the paper draws on established techniques of network mapping (e.g. Pajek 2012), fuzzy-set methods (e.g. Kok 2009 ) and interviews (e.g. Wynne 1992 ) in addition to more traditional, quantitative approaches to uncertainty drawing on validation (e.g. Beven 2012) . The method provides significant advantages over quantitative validation approaches when used by themselves and reveals a large number of factors in addition to quantitative validation statistics that contribute to model uncertainty. These factors included issues with the availability and perceived quality of validation data and the level of abstraction between modelled variables and the data they are based on or validated with. In an integrated meta-modelling system such as the CLIMSAVE IAP, the data supplied by other models, and the process of simplifying a model to a metamodel are additional sources of uncertainty. Furthermore, pragmatic factors such as time, licensing, costs, resources, skills and experience were highlighted as factors that contributed to uncertainty. Many of these factors are often taken for granted in traditional uncertainty assessments (Latour and Woolgar 1979) , but provide significant insight when re-introduced to the assessment. The combined uncertainty data-dictionary and qualitative interview method presented here provides a framework for the collection of these data. The ranked-variable fuzzy set is an effective tool for the collection of holistic modeller certainty information that allows the broader contextual issues to be actively included in the interpretation alongside traditional validation statistics; the resulting network makes a very useful discussion tool.
Time, licensing, costs, resources, skills and experience were all identified as factors external to the scientific method that influence the level of certainty achievable by the modelling approach. In reflecting on these it is important to be aware that they are not examples of science being done badly. Repeatable methods are followed, hypotheses tested and validation datasets are checked and reported on. Nor should the issues raised be seen as simply a case of modellers complaining. There will always be more that can be done with more time and resources and pragmatic factors will affect not only the confidence that modellers have in their own models ("expert certainty"), but also the level of confidence that it is possible to have with their models. Latour and Woolgar (1979) argue that factors such as these are often left out of the discussion of the scientific/ modelling process. Doing so gives an appearance of a greater separation between the modeller and the model, than there is in practice; and a greater air of certainty as a result. The holistic uncertainty approach taken in this paper aims to add these pragmatic factors back in by exposing the factors that contribute to uncertainty in a way that allows them to be taken into consideration when making decisions. By reflecting on the available data and the modeller's decisions and reasoning we can contextualise validation statistics with reference to overall holistic certainty that a variable matches the real-world value it is intended to.
Improvements and further extensions
The approach presented here was designed to be flexible so that differences in perceptions can be integrated and data included rather than excluded. Whilst the fuzzy quantification approach helps to overcome differences in perception between modellers and create a more comparable index, differences in inter-modeller perceptions will always influence any manipulation of the quantified results. However, there are opportunities to further refine the variable-to-variable network in collaboration with the modellers themselves. A reflexive approach using the existing network as a tool for discussion will aid modellers to better understand the certainty that other modellers give to the data for which they are responsible. A modeller workshop would provide an ideal opportunity and help reduce inter-modeller differences in both typologies and variable classification.
Probabilistic approaches (e.g. Manning et al. 2009 ) can be taken using an off-line, batch-run version of the IAP to address scenario uncertainty quantitatively by identifying whether futures converge (similar patterns of impact result from multiple scenarios) or diverge (very small changes in scenario parameters lead to vastly different futures). Similarly, a batch-run version will facilitate sensitivity analysis of the interlinked V2V network. This would also help in exploring the responses of the IAP as a whole to a range of input scenarios and help to quantify which areas of the network were most sensitive to small deviations in input parameters. By combining this type of network information with the uncertainty V2V network it would be possible to identify the nodes with greatest risk: where modeller confidence is low yet the sensitivity of the rest of the system to that node is high.
Furthermore, it should be noted that a single model has been used for each sector. Whilst alternative models exist for each of the IAP sectors, the selected models provide the best solution in terms of model accuracy and run-time trade-offs for this particular implementation. As such we do not explore the impacts of model selection uncertainty here; including an ensemble of models for each sector within the IAP would address this (e.g. Manning et al. 2009 ).
The research presented here offers a number of opportunities for the communication of uncertainty information to the IAP users. This includes: (i) presentation of the V2V confidence maps; (ii) tooltips over variables on the IAP which provide the user with the certainty information from the uncertainty data dictionaries; and (iii) an "uncertainty mode" where all variable names and input sliders are coloured by their level of expert certainty; or a combination of these. This work, coupled with stakeholder workshops and interviews would help to explore the extent to which the holistic understanding of uncertainty contributes to better understanding of the modelling process, and aids the user's decision making experience.
Conclusions
Uncertainty is unavoidable, but decisions must be made and environmental models present one of the few methods that allow decision makers to explore projections of the future. The CLIMSAVE IAP allows decision makers to better understand cross-sectoral interactions and consider the potential consequences of sectoral decisions across multiple sectors. However, all models are only representations of reality, and we can have greater confidence in some aspects of them than others. Ignoring this uncertainty is not an option. However, by exploring multiple scenarios and by classifying and exploring uncertainty in conjunction with the model developers, both scenario and model uncertainty can be addressed. By doing so we can ensure not only that the modelling system itself improves, but that the decisions based on it can draw on the best available information: the modelled impacts themselves, and a holistic understanding of the uncertainty involved in their creation.
